Abstract.-The objective of this study was to obtain a quantitative assessment of the monophyly of morning glory taxa, speci cally the genus Ipomoea and the tribe Argyreieae. Previous systematic studies of morning glories intimated the paraphyly of Ipomoea by suggesting that the genera within the tribe Argyreieae are derived from within Ipomoea; however, no quantitative estimates of statistical support were developed to address these questions. We applied a Bayesian analysis to provide quantitative estimates of monophyly in an investigation of morning glory relationships using DNA sequence data. We also explored various approaches for examining convergence of the Markov chain Monte Carlo (MCMC) simulation of the Bayesian analysis by running 18 separate analyses varying in length. We found convergence of the important components of the phylogenetic model (the tree with the maximum posterior probability, branch lengths, the parameter values from the DNA substitution model, and the posterior probabilities for clade support) for these data after one million generations of the MCMC simulations. In the process, we identi ed a run where the parameter values obtained were often outside the range of values obtained from the other runs, suggesting an aberrant result. In addition, we compared the Bayesian method of phylogenetic analysis to maximum likelihood and maximum parsimony. The results from the Bayesian analysis and the maximum likelihood analysis were similar for topology, branch lengths, and parameters of the DNA substitution model. Topologies also were similar in the comparison between the Bayesian analysis and maximum parsimony, although the posterior probabilities and the bootstrap proportions exhibited some striking differences. In a Bayesian analysis of three data sets (ITS sequences, waxy sequences, and ITS C waxy sequences) no supoort for the monophyly of the genus Ipomoea, or for the tribe Argyreieae, was observed, with the estimate of the probability of the monophyly of these taxa being less than 3:4 £ 10
Bayesian methods have only recently been introduced into phylogenetic analysis (Rannala and Yang, 1996; Larget and Simon, 1999; Mau et al., 1999; Li et al., 2000; Lutzoni et al., 2001; Buckley et al., 2002) . One important aspect of this approach is that it shifts statistical inference away from an emphasis on hypothesis testing (i.e., P values) and point estimation (e.g., nding the single optimal tree) toward the process of obtaining adequate estimates of uncertainty (Gelman et al., 1995) . Uncertainty is characterized through the use of the posterior distribution of a parameter, which is de ned as the conditional probability of observing a particular parameter value given the data. In the case of phylogenetic inference and indeed any other complex statistical problem, estimating posterior probabilities involves the use of simulation (Metropolis et al., 1953; Hastings, 1970) . MCMC methods involve the simulation of a random walk through parameter space that will eventually converge on the stationary distribution of parameters (Larget and Simon, 1999; Lewis, 2001) . One of the keys to a successful Bayesian analysis is to ensure that the MCMC simulation is run for long enough so that parameter values are sampled in proportion to their posterior probability (Gelman et al., 1995) . Once the posterior distribution has been obtained, virtually any question regarding those parameters can be addressed.
The broad goal of our systematic studies of morning glories is to develop a wellresolved phylogeny to allow us to address speci c evolutionary questions (Miller et al., 1999; Manos et al., 2001) . Therefore, a critical step is to identify monophyletic groups through phylogenetic analysis. Morning glories are generally viewed as belonging to the large genus Ipomoea, including a diverse collection of over 600 species of vines and shrubs distributed worldwide (McDonald, 1991; Austin and Huaman, 1996; Wilkin, 740 1999) . Hallier (1893) provided an important insight in understanding relationships among morning glories by recognizing that species with spiny pollen belong to a wellde ned group, his subfamily Echinoconiae. Hallier (1893) subdivided this family into two tribes; those with dehiscent fruits (Ipomoeeae) and those with indehiscent fruits (Argyreieae). Ipomoea was placed in the tribe Ipomoeeae. In addition, Hallier (1893) recognized that the genus Ipomoea may not represent a monophyletic group. For example, he intimated the paraphyly of Ipomoea by suggesting that the genera within the tribe Argyreieae (e.g., Argyreia, Stictocardia, and Turbina) are derived from within Ipomoea. Therefore, to better understand relationships among Ipomoea and its close relatives, we undertook a phylogenetic analysis of a broad sample of morning glory species using DNA sequence data (Miller et al., 1999; Manos et al., 2001 ). These recent phylogenetic results continue to support the view that Ipomoea is paraphyletic, speci cally suggesting that genera of the tribe Argyreieae (Argyreia, Stictocardia, and Turbina) are derived from within Ipomoea as are the remaining genera of the tribe Ipomoeeae (Astripomoea, Lepistemon, and Lepistemonopsis) (Manos et al., 2001 ). These relationships are also supported by the results of a recent cladistic analysis of 45 macromorphological and palynological characters and 142 species (Wilkin, 1999) , which suggested that the genus Ipomoea is paraphyletic relative to genera within the tribe Argyreieae and the genera, in addition to Ipomoea, in the tribe Ipomoeeae.
The results of recent studies clearly indicated that Ipomoea is not a monophyletic genus (Wilkin, 1999; Manos et al., 2001) . Various authors have shown that the uncertainty associated with the monophyly of a group can easily be quanti ed using Bayesian phylogenetic methods (Larget and Simon, 1999; Lewis, 2001) . Therefore, the focus of this study was to use Bayesian methods to provide quantitative assessments of the monophyly of various morning glory taxa. However, before applying the MCMC Bayesian approach to address these questions, we evaluated the method more generally for phylogenetic reconstruction. For this goal, we developed two speci c objectives: (1) determine the convergence of components of the phylogenetic model (topology, branch lengths, and substitution model parameters) during MCMC simulations and (2) compare the results from an MCMC Bayesian analysis to results obtained from analyses using maximum parsimony and maximum likelihood.
DATA SETS
The 35 morning glory species sampled here represent tropical and temperate members of the tribe Ipomoeeae and the tribe Argyreieae (or alternatively, the recently expanded tribe of Ipomoeeae) (Wilkin, 1999; Manos et al., 2001) . The selection of taxa was guided by the results of Miller et al. (1999) and Manos et al. (2001) , emphasizing species of the genera Argyreia, Stictocardia, Turbina, Lepistemon, and Astripomoea, and Ipomoea species closely related to these other genera. Speci cally, Miller et al. (1999) and Manos et al. (2001) identi ed a clade (clade II) that consisted of strictly Ipomoea species. For the present study, the species from this clade were subsampled. However, a new species, I. sepiaria, was added because in separate analyses the sequence from this species was found to complement the sequence data of I. cairica. In addition, sequence data for I. obscura was added to complement the sequence data for I. ochracea. Furthermore, an extremely well-supported clade of Argyreia species from Manos et al. (2001) was subsampled for this study (selecting A. capitiformis and A. splendens to represent a clade that included these two species in addition to A. obtecta, A. osyrensis, and Rivea clarkeana) . In summary, sequence data for 2 species not included in the Manos et al. (2001) study were included in the present study, and 12 taxa included in the Manos et al. study (2001) were not included in the present study. The genera Merremia and Operculina were used as outgroups, consistent with familywide studies of Convolvulaceae (Stefanovic et al., 1999) . The species used as outgroup taxa, Merremia tuberosa and Operculina brownii, were selected from a wider sample using the optimal outgroup analysis as implemented in the program RASA (Lyons-Weiler et al., 1998) .
Two sources of DNA sequence data were included in this study: 646 bp of the internal transcribed spacers of nuclear ribosomal DNA (ITS region) and 619 bp of the 3 0 region of the single-copy nuclear gene waxy (Wx), which encodes for the 59-kDa granule-bound starch synthase (GBSS I) (Dry et al., 1992; Wang et al., 1995) . This data set is essentially the same as presented by Manos et al. (2001) Sequences were aligned by direct visual determination. Alignments were relatively free of extensive length variation, although the insertion of gaps was necessary to maximize homology. We excluded 67 sites from ITS and 30 sites from waxy because of ambiguous alignment. Three data sets were constructed: (1) an ITS matrix for 35 taxa, (2) a waxy matrix for 25 taxa, and (3) a combined ITS and waxy data matrix for 25 taxa. There were 145 parsimony informative sites (154 with the outgroup taxa) and 287 site patterns for the rst data set, 51 parsimony informative sites (57 with outgroup taxa) and 214 site patterns for the second, and 164 parsimony informative sites (182 with outgroup taxa) and 441 site patterns for the third.
For the analysis, we adopted the general time-reversible model of DNA substitution with among-site rate variation drawn from a gamma distribution (GTR C 0). This model was selected from a comparison of 56 models using the Akaike information criterion (Akaike, 1974) as implemented in Modeltest 3.0 (Posada and Crandall, 1998) .
Theoretically, if Bayesian phylogenetic analyses using MCMC algorithms are run for long enough then the posterior probabilities from the different runs will converge (Tierney, 1994) . However, considering the potential complexity of the phylogenetic model being considered, it is not clear whether this convergence will occur for any given analysis. Therefore, another important goal for the practitioner is to identify whether convergence of posterior probabilities has been reached.
There are four components of the phylogenetic model that can be monitored for convergence after a Bayesian analysis using MCMC: (1) the tree with the maximum posterior probability, (2) branch lengths, (3) the parameter values from the DNA substitution model, and (4) the posterior probabilities for clade support. To evaluate the convergence of these components, 18 separate runs were carried out that differed in the length of the runs. Speci cally, there were nine pairs of runs: 75,000, 150,000, 250,000, 500,000, 750,000, 1 million, 1.5 million, 2 million, and 3 million generations in length. (One of the 2-million generation runs appeared to be an aberrant result and was therefore replaced by a third 2-million generation run.) These evaluations of the Bayesian method were carried out using the 35-taxon ITS data set. The MCMC Bayesian analyses were implemented using MrBayes versions 1.11 and 2.0 with the Metropolis-Hastings-Green algorithm ). In addition, a Metropolis-coupled MCMC was used where four chains were run simultaneously and each was incrementally heated ). The analysis used uniform prior distributions for the alpha shape parameter of the gamma distribution (0-10), proportion of invariable sites (0-1), rate matrix parameters (1-100), and branch lengths (1-10). A at prior was used for the topology, and a Dirichlet distribution (four parameters) was used for the base frequencies. Unique random starting trees were used for each of the 18 analyses. These prior distributions cover all parameter values that we consider to be realistic, although their mean values may deviate strongly from the posterior means. Every 10th tree was sampled from the MCMC analysis to minimize the size of the output les and to increase the independence of the samples from the MCMC simulations.
Burn-In Period
The MCMC analysis usually starts at a random state, which is not guaranteed to be within the area of highest posterior probability. Therefore, the trees of interest are those obtained after an initial period of the MCMC analysis, called the burn-in period. The burn-in period can be identi ed graphically by tracking the likelihoods at each generation of the simulation to determine whether the likelihood values reach a plateau FIGURE 1. The log-likelihood of an analysis of ITS sequence data for 35 morning glory taxa through generations of an MCMC analysis. This graph focuses on the period between 1,500 and 9,500 generations of a 3-million generation run where the likelihood reaches a plateau, identifying the burn-in period of the MCMC analysis. . After a series of preliminary analyses using the 35-taxon ITS data set, a burn-in period of 25,000 generations was determined to be appropriate for these data, as illustrated by the plateau of likelihoods at this value (Fig. 1) .
Tree Topology
In the analysis of the 18 different MCMC runs, six unique topologies were identi ed that represented the tree with the maximum posterior probability. Two topologies were the most common, representing 72% of the 18 runs. However, all of the simulations that were run for¸750,000 generations converged on one of two topologies that differed only by the placement of one taxon, Argyreia nervosa. This region of the tree was also very weakly supported (posterior probability ranged from 0.17 to 0.19), which suggests that convergence on the tree topology was achieved by 750,000 generations for these data.
An additional analysis shows why strong convergence on a single topology was not expected in all the runs carried out here.
Posterior probabilities were obtained for the unique tree topologies from a representative Bayesian analysis (297,500 trees from a MrBayes run) using the summarize routine of BAMBE (Simon and Larget, 2000) . In this analysis, the highest probability for a tree was 0.000212. However, very similar posterior probabilities were observed for the two trees with the next highest probabilities of 0.000188 and 0.000182, respectively. Furthermore, the 95% credible set of trees included 87,393 trees. For such data sets it can be more informative to consider the posterior probabilities of individual nodes rather than topologies.
Branch Lengths
A graphical analysis was used to investigate convergence of branch lengths by examining the change in total tree length (sum of all the branches in the tree) for the collection of trees from each of the nine pairs of runs. With this analysis, no speci c relationship was detected between mean tree length and generations of the MCMC analysis (Fig. 2a) . For this 35-taxon data set, by the very short runs of 75,000 generations the 95% credible set of all subsequent runs overlapped. However, there was some variation among runs in the mean total branch length; therefore, branch length appears to be one of the less stable parameters in this Bayesian analysis.
Parameters of the DNA Substitution Model
Convergence of the parameters of the DNA relative substitution rates for the GTR C 0 model also was examined graphically for the nine pairs of runs. For these analyses, the parameter estimates were very similar for runs of 500,000-3,000,000 generations. Results are presented for the C-T substitution rate (Fig. 2b) and the C-G substitution rate (Fig. 2c) , but similar results were obtained for the estimates of the three other substitution rates. Another component of the substitution model is the shape parameter for the gamma distribution (®). A graphical analysis of ® indicates that estimates of this parameter were consistent across the nine pairs of runs of various generations (Fig. 2d) . Overall, it appears that the parameters of the DNA substitution model are one of the most stable aspects of this analysis. 
Clade Credibility Values
One of the most useful aspects of the Bayesian approach to phylogenetic analyses is the measure of nodal support obtained from the MCMC simulations. Speci cally, the frequency that a clade occurs within the collection of trees provides a very interpretable measure of clade support. These probabilities are analogous to bootstrap support values obtained from pseudoreplication but have a different statistical interpretation (Lewis, 2001) . To examine convergence of the posterior probabilities for nodal support, or clade credibility values, the correlation between these values for each of the nine pairs of runs was calculated. In other words, we asked how the similarity between runs for clade credibility values change when the length of the runs is changed. Convergence would be expected if the correlation between clade credibility values for longer runs increased or reached a plateau. This result is exactly the one obtained here for the 35-taxon ITS data set (Fig. 3) . The correlation between clade credibility values reached a plateau by 1 million generations, indicating that convergence of these values was obtained from a modest sampling from the posterior distribution for these data.
For one 2-million generation run (not included in the results presented above), we observed some clade credibility values that differed greatly from those of the other analyses. Many of the clade credibility values (9 of 32 values) for this run were less than the range of values observed in the other 18 runs. One value estimate was very extreme. For the clade uniting Astripomoea malvacea with Ipomoea s.s., the observed clade credibility value for the aberrant run was 0.53, and the range of credibility values for that clade from the other runs was 0.85-0.88. Furthermore, the correlation of clade credibility values between this run and another 2-million generation run was 0.974, which is outside the range of values observed for all other runs (Fig. 3) . This apparently aberrant result raises important questions about determining convergence in an MCMC analysis for these complex phylogenetic models. One interpretation is that this data set contains multiple islands in tree space (Maddison, 1991) . However, running multiple chains should allow the analysis to leave an island in tree space (i.e., escape a local optimum) if it does not represent an important component of the posterior distribution. An alternative interpretation is that what we are calling an aberrant run merely represents typical within-run variation that is detected when MCMC analyses are not run for long enough. This interpretation would suggest that a de nitive test of convergence requires that more replicates of varying length be sampled to better characterize the within-run variance than did the single pair of samples used here. This approach is also consistent with the approach advocated by Gelman et al. (1995) for monitoring convergence of scalar estimands. This method compares the results of multiple samples of runs of varying length (e.g., ve), and then the within-run variance is compared to the between-run variance. An index of when convergence is reached is when these two variances are similar (for details of this approach, see Gelman et al., 1995: 331-333) . Regardless of how the significance of this aberrant run is interpreted, it highlights the need for further investigation to determine useful guidelines for determining convergence of such important values as clade credibility values given the potential complexities of the phylogenetic model (e.g., Huelsenbeck, 2002) .
COMPARISON AMONG PHYLOGENETIC METHODS
To further evaluate the application of the Bayesian method, we compared the results from a representative Bayesian analysis of the 35-taxon ITS data set to analyses using maximum likelihood and parsimony. From one of the runs of 3 million generations, we selected the topology with the greatest posterior probability, i.e., the tree that was visited by the MCMC algorithm with the highest frequency. We used a burn-in of 25,000 generations; therefore, 2,975,000 trees were examined in total.
The maximum likelihood analysis was carried out using the same model of DNA substitution, GTR C 0, with the parameters values estimated using PAUP ¤ 4.0b3a (Swofford, 2000) . We have not included a bootstrap analysis using likelihood because of the amount of computational time required.
The parsimony analysis was carried out using weighted parsimony with a sixparameter weighting scheme Fitch, 1989, 1990; Cunningham, 1997 ) based on the model of DNA substitution obtained from the Bayesian analyses. Heuristic searches were used with 1,000 random addition replicates using MULPARS, TBR, and AMB options as implemented in PAUP*. This analysis detected 19 most parsimonious trees, and a strict consensus tree was constructed. Branch support was estimated using bootstrap sampling with 1,000 pseudoreplicates and a full heuristic search. The use of weighted parsimony analysis for bootstrap proportions is the relevant comparison to the other methods considered here. Evenly weighted parsimony would provide poor estimates of branch lengths and therefore of bootstrap proportions.
Tree Topology
The tree with the maximum posterior probability identi ed by the Bayesian analysis (Figs. 4a, 5a ) had the same topology as the maximum likelihood tree (Fig. 4b) . This result was expected because we are using vague priors, so the posterior distribution over topologies should be dominated by the likelihood. The strict consensus tree from the weighted parsimony analysis (Fig. 5b) differed from the topologies of the Bayesian and likelihood analysis trees in the placement of Lepistemon owariensis and Ipomoea aquatica, although support for these clades was low in both the parsimony and Bayesian analyses. Furthermore, the region of the tree that varied in topology between different MCMC simulations, notably the placement of Argyreia nervosa, was unresolved in the parsimony analysis.
Branch Lengths
The overall pattern of branch lengths from the Bayesian analysis (Fig. 4a) of the 35-taxon ITS data set was very similar to that of the likelihood analysis (Fig. 4b) . Half of the branch lengths for the two analyses differed by ·0.003 substitutions per site. However, in all cases the branch lengths from the Bayesian analysis were greater than those from the likelihood analysis. The shape of the prior distribution may explain the difference between the likelihood estimate and the posterior mean of the branch lengths. Because the mean of the prior distribution of the branch lengths (5.0 substitutions per site) deviates so strongly from the ML estimates (given the range for all branches), the prior distribution may be in uencing the shape of the posterior distribution by a slight amount. The effects of different prior distributions on various aspects of the posterior distributions of phylogenetic parameters have yet to be examined. The values for branch lengths describing the results from this Bayesian analysis are means of a distribution that may not be normal, and these means are being compared to maximum likelihood estimates. Therefore, the maximum of the posterior distribution may be more similar to the maximum likelihood estimates.
Parameters of the DNA Substitution Model
The estimates of the DNA substitution model parameters from the Bayesian analysis were very similar to those of the likelihood analysis, and in all cases the estimates from the likelihood analysis were within the 95% credible set from the Bayesian analysis (Table 1) . As with the branch lengths, the values for the substitution parameters were consistently greater for the Bayesian analysis than for the likelihood analysis. Again, the reasons regarding the slightly greater values for branch lengths for the Bayesian anal-TABLE 1. DNA substitution model parameter estimates from a Bayesian analysis and a likelihood analysis of a 35-taxon ITS data set. For the Bayesian analysis 95% credible sets are given in parentheses. Also shown are estimates of the shape parameter for the gamma distribution of the across-site substitution rates. 
Support for Nodes of the Tree
To compare the results from different methods for estimating clade support, clade credibility values from the Bayesian analysis were compared with bootstrap values from the weighted parsimony analysis. There are fundamental statistical differences between posterior probabilities and nonparametric bootstrap proportions. The posterior probability of a clade is an estimate of the probability that that clade is correct, conditional on the model and the data. In contrast, a bootstrap proportion is more dif cult to interpret. The bootstrap proportion measures the frequency with which a group appears when repeated samples of identical size are taken from the original data. Because of this difference, there is no reason to expect that the two measures should be equivalent for any given node. However, because posterior probabilities and bootstrap proportions can both be interpreted as estimates of support for various clades, given the data, we do expect to observe a correlation between these two parameters. Large differences between parsimony bootstraps and Bayesian posterior probabilities are likely to be due in part to differences in how the two methods interpret the patterns of variation within the data. We expect a tighter correlation between posterior probabilities and maximum likelihood bootstrap proportions, provided that the model is constant and the prior distribution is not exerting a strong in uence on the posterior distribution (for an example, see Leaché and Reeder, 2002) .
For the analyses carried out here, support values using the Bayesian method were generally higher than bootstrap values from parsimony (Figs. 5a, 5b) . Speci cally, all nodes with bootstrap values >80% had clade credibility values from the Bayesian analysis of 1.00. However, clade credibility values are not a simple rescaling of bootstrap values. This fact is illustrated by considering nodes with bootstrap support of <80 but >50, where there is little correspondence between these measures of support. Speci cally, the rankings of these clade credibility values and bootstrap support values differ, as indicated by a weak Spearman rank correlation coef cient (r S D ¡0:127, P D 0:745). A speci c example can be seen for the clade uniting Turbina corymbosa, Ipomoea crinicalyx, and I. pedicellaris, where the bootstrap value was 64 and the clade credibility value was 1.00. Furthermore, within the clade, the bootstrap value for the species pair I. crinicalyx and I. pedicellaris was 75 and the clade credibility value was 0.68. This region includes the species with the longest branch in this analysis, Turbina corymbosa. Similar observations regarding nonparametric measures of support and Bayesian posterior probabilities have also been made by Karol et al. (2001) , Buckley (2002) , Buckley et al. (2002) , Leaché and Reeder (2002), and Whittingham et al. (2002) .
USE OF THE BAYESIAN METHOD TO EVALUATE THE MONOPHYLY OF S ELECT MORNING GLORY TAXA
From the preceding analysis of the 35-taxon ITS data set, it is evident that Bayesian phylogenetic analyses involving MCMC analyses of >1 million generations resulted in convergence of almost all of the parameters of the phylogenetic model, including tree topology and parameters of the DNA substitution model. The analysis of clade credibility values also supports convergence on a narrow range of values, even taking into account the caution concerning obtaining better estimates of within-run variation. Results from the Bayesian analysis were very similar to results from a maximum likelihood analysis with respect to tree topology, branch lengths, and parameter estimates of the DNA substitution model.
There appears to be a general correspondence between nodal support as measured by posterior probabilities and bootstrap values from the weighted parsimony analysis. There were, however, notable differences between the two methods for some nodes. These observations are probably attributable to the fundamental difference between weighted parsimony and the Bayesian approach, the latter being strongly dependent on the likelihood model.
To examine the speci c questions posed in this study, we used a representative Bayesian analysis for each of the three data sets (ITS data for 35 taxa, waxy data for 25 taxa, and combined ITS and waxy data for 25 taxa) using the GTR C 0 substitution model and using runs of 3 million generations, sampling every 10th tree. In addition, the analysis of each data set was repeated to ensure convergence was reached.
ITS Sequence Data for 35 Taxa
The analysis of the 35-taxon ITS data set resulted in 15 of 32 clade credibility values of 0.95, indicating approximately half of the clades were very well supported (Fig. 5a) . For a quarter of the nodes, there was relatively weak support (8 of 32 nodes with support of <0.50). Some nodes within clade I were very well supported, whereas others were poorly supported, especially the clade that included Argyreia splendens, Turbina cordata, Ipomoea jaegeri, etc. (19%) . Within clade II, many of the species pairs and smaller clades were well-supported, but higher level relationships within this clade were generally poorly resolved.
Waxy Sequence Data for 25 Taxa
The analysis of the waxy sequence data for the 25 morning glory species resulted in a S YSTEMATIC BIOLOGY VOL. 51 tree with weakly supported clades (Fig. 6a) . Only one-quarter of the clades were well supported (5 of 22 nodes with support of¸0.95), and over one-third received weak support (8 of 22 nodes with support of <0.50). The two major clades were resolved with strong support, but few of the relationships identi ed using the ITS data (see Fig. 5a ) were well supported by the waxy data alone (Fig. 6a) . Therefore, the waxy sequence data provided only a modest amount of phylogenetic information.
ITS and waxy Combined Sequence Data for 25 Taxa
Given the relative weak phylogenetic signal of the waxy sequence data, we used this additional source of molecular sequence data as a supplement to the more informative ITS data set. The waxy data added to the ITS data resulted in resolution of the two major clades and a tree with strong support for most clades (17 of 22 nodes with support of >0.95) and very few weakly supported clades (2 of 22 clades with support of <0.50) (Fig. 6b) . Although taxon sampling was reduced for the combined data, the important subclades identi ed in the analysis with the ITS data (see Fig. 5a ) were also identi ed with the combined data (Fig. 6b) , as were the subclades within clade II. One new relationship, I. aquatica as sister to I. cairica and I. sepiaria, was identi ed using the combined data. The results for the combined data indicated some clades with noticeably increased support over the results from the ITS data alone. A striking example is the support for the clade that included I. carnea, I. setosa, I. pescaprae, etc. For the ITS data alone, support for this clade was only 0.35 (see Fig. 5a ), and with the waxy data set these species did not represent a unique clade (see Fig. 6a ), whereas the combined data supported this clade in all trees of the MCMC analysis (clade credibility value of 1.00).
HYPOTHESES REGARDING MORNING GLORY RELATIONSHIPS
The species of the genus Ipomoea do not form a well-supported monophyletic group in separate and combined analyses (Fig. 5a, 6b) . Furthermore, members of the tribe Argyreieae, speci cally species of Argyreia, Stictocardia, and Turbina, do not form a monophyletic group based on the same analyses. Turbina has been considered by some authors to be a poorly delimited genus, and this analysis indicates that it is a polyphyletic genus (Meeuse, 1957; Verdcourt, 1963) . Therefore, if we ignore the membership of Turbina within the tribe Argyreieae, a re ned hypothesis would be to consider the monophyly of Argyreia C Stictocardia. This hypothesis is also not supported by the relationships estimated from the analysis of either data set. Taken together, the best evidence from this study indicates that species of the genus Ipomoea are paraphyletic and the species of the tribe Argyreieae are polyphyletic.
An extremely important use of the Bayesian analysis is for consideration of the hypotheses of monophyly using the collection of 297,500 trees from the MCMC. By counting the number of times particular clades appear in the simulation, we can quantitatively assess the strength of support for monophyly (Lewis, 2001 ). In the analysis of the 35-taxon ITS data set, 426 taxon bipartitions, or clades, were identi ed. In the analysis of the 25-taxon ITS C waxy data set, 147 taxon bipartitions were identi ed. In none of these taxon bipartitions was a topology detected with the species of Ipomoea forming a monophyletic group. In addition, no topology was detected that identi ed either version of the monophyly of the species of the tribe Argyreieae being monophyletic. Therefore, based on both data sets (ITS data and ITS C waxy data), the probability of these taxa being monophyletic is less than 1/297,500 or 0.0000034. This is extremely strong evidence that the genus Ipomoea and the tribe Argyreieae are not monophyletic.
CONCLUSIONS
We have demonstrated the applicability of the Bayesian phylogenetic method to outstanding issues in the systematics of morning glories. For the relationships considered here, the Bayesian phylogenetic analysis conrmed the results of a previous analysis of essentially the same data using parsimony (Manos et al., 2001 ). The most direct benet of the Bayesian approach was obtaining a quantitative assessment of relationships that allowed us to make de nitive statements regarding the monophyly of the genus Ipomoea and the tribe Argyreieae.
For the DNA sequence data at hand, it appears that MCMC runs of >1 million generations resulted in parameters converging on a stationary distribution, including clade credibility values (although with some caution). An important conclusion of this study was that the relationship between nonparametric bootstrap values and posterior probabilities requires further study. The sensitivity of Bayesian methods to the prior distribution and the likelihood model is also of interest. These methodological issues can best be addressed with simulated data sets and well-supported phylogenies (e.g., Buckley, 2002) . In earlier studies, phylogenetic methods were evaluated based on the recovery of the true phylogeny (e.g., Huelsenbeck and Hillis, 1993; Gaut and Lewis, 1995; Huelsenbeck, 1995; Cunningham et al., 1998) . However, there is a different and perhaps more relevant emphasis with the Bayesian analysis. In this case, we are more interested in how accurately we can characterize the uncertainty in our data. A challenge for the future is to develop simulated data sets that vary in the sources and patterns of underlying uncertainty.
